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Abstract: Imaging systems for measuring surface displacement and strain fields such as 
stereoscopic Digital Image Correlation (DIC) are increasingly used in industry to validate model 
simulations. Recently, CEN has published a guideline for validation that is based on image 
decomposition to compare predicted and measured data fields. The CEN guideline was evaluated 
in an inter-laboratory study that demonstrated its usefulness in laboratory environments. This 
paper addresses the incorporation of the CEN methodology into an industrial environment and 
reports progress of the H2020 Clean Sky 2 project MOTIVATE. First, while DIC is a 
well-established technique, the estimation of its measurement uncertainty in an industrial 
environment is still being discussed, as the current approach to rely on the calibration uncertainty 
is insufficient. Second, in view of the push towards virtual testing it is important to harvest existing 
data in the course of the V&V activities before requesting a dedicated validation experiment, 
specifically at higher levels of the test pyramid. Finally, it is of uttermost importance to ensure 
compatibility and comparability of the simulation and measurement data so as to optimize the test 
matrix for maximum reliability and credibility of the simulations and a quantification of the model 
quality. 
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1. Introduction 
Validation is usually embedded in a Verification & Validation (V&V) process, the overall aim of 
which is to establish confidence that a computational model behaves in accordance with its 
underlying assumptions and equations, and that it produces realistic results with respect to 
particular objectives which are derived from a specified intended use. Consequently, the simulation 
results have to be evaluated against these objectives, which is why validation is performed by 
comparing model behavior with the real system behavior when both simulation and observation are 
conducted under nominally identical conditions. 
A generic framework for performing validation experiments for computational solid mechanics 
models was established by the ASME [1,2]. In solid mechanics, validation has long been performed 
using single data points, for example evaluating the maximum or minimum values of a response 
measured by strain gauges. Recently, CEN has published a guideline for validation [3] which was 
developed in the European FP7 project VANESSA [4]. This guideline addresses the use of full-field 
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measurement instruments in the validation process. Such instruments use imaging methods for 
measuring surface displacement, strain or stress fields—such as stereoscopic Digital Image 
Correlation (DIC), speckle pattern interferometry or thermal stress analysis—and are increasingly 
used in industry. The methodology described in the CEN guideline is based on image 
decomposition to compare predicted and measured data fields. The guideline was evaluated in an 
inter-laboratory study on different representative test objects and demonstrated its usefulness in 
laboratory environments [5]. 
This paper addresses the incorporation of the methodology into an advanced structural test in 
an industrial environment as it is currently undertaken in the H2020 Clean Sky 2 project MOTIVATE 
[6]. It is expected that this step up from Technology Readiness Level 4 to 6 will lead to an update of 
the CEN guideline to support its use in industrial environments. First, although DIC is a 
well-established technique for measuring displacement and strain fields on the surface of 
components [7], the estimation of its measurement uncertainty in an industrial environment is still 
being discussed [8], while the uncertainty contribution from calibration can readily be established 
using a reference material [9] in conjunction with the calibration methodology described in the CEN 
guideline [3]. Second, in view of the push towards virtual testing it is important to harvest existing 
information (historical data) in the course of the V&V activities before requesting an additional 
dedicated validation experiment, specifically at higher levels of the test pyramid. Finally, it is of 
uttermost importance to ensure compatibility and comparability of the simulation and measurement 
data so as to optimize the test matrix for maximum reliability and credibility of the simulations and 
achieve a quantification of the model quality using an appropriate validation metric. The practical 
applicability of the CEN guideline must be addressed for complex geometry, and a lack of 
experimental data points (e.g., due to DIC optical accessibility) and their mitigation, such as the 
‘interpolation’ or the ‘tiling’ technique [10]. 
2. Validation in an Industrial Context 
Typically, the validation process is presented in a flowchart that splits into parallel strands of 
activities for computational and experimental modelling and recombines with the quantitative 
comparison between simulation and experimental outcomes, Figure 1, with the colored boxes 
discussed in what follows. Steps of the ASME V&V [1] guide include the selection of system 
response quantities—preferably displacement or strain fields; software verification and convergence 
checks; definition of the metric for data comparison; specification of model accuracy requirements 
adequate for its intended use. 
Outcomes are compared with the purpose of providing sufficient information for a subsequent 
decision on whether acceptable agreement of the simulation data with the experimental results has 
been reached, in which case the model is successfully validated. If the level of agreement is 
insufficient, then, usually, the computational model or the experiment, or both, need to be reviewed 
[11]. In general, the process should be repeated until an acceptable agreement is reached. To address 
the specific needs of validation in an industrial environment, the MOTIVATE collaboration 
addresses the following issues, among others. 
2.1. Prerequisites for a Significant Validation Outcome 
When the experimental results are used as reference against which the computational data are 
compared in the Validation assessment, Figure 1, insufficient information on the accuracy of the 
experimental results does not allow adequate confidence to be built for the computational model. 
This promotes the need for new experiments in order to obtain the necessary information, as was 
reported by Hack et al. [5]. The acceptable level of measurement uncertainty is governed by the 
accuracy requirements for the intended use of the model. Methods are being developed in 
MOTIVATE to estimate the measurement uncertainty of a DIC system in situ in an industrial 
environment. It will further be necessary to identify error sources apart from those associated with 
DIC, such as from the mechanical set-up and load introduction, as well as environmental boundary 
conditions. 
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Figure 1. A generic validation flowchart. The outcomes from both the Mathematical and Physical 
strand, the quantitative comparison constituting the validation step and the decision on acceptable 
agreement are high-lighted for discussion in the main text. 
2.2. Quantitative Comparison Using a Validation Metric 
The flowchart, Figure 1, ties together the mathematical and physical strands in the box of 
quantitative comparison of the simulation results and experimental data. The outcome of this 
comparison is then assessed in the next step with respect to the accuracy limits, set beforehand, for 
the intended use of the model. 
Typically, it is followed by a Yes/No decision as to whether the agreement is acceptable. The 
CEN guideline has established a methodology to take this decision based on the comparison of 
feature vectors obtained from image decomposition. However, the information is then lost relating 
to how good the model is, if it is acceptable, or how bad, if it is not. The absence of this information 
leads to an unweighted, generic decision to revise the model or the experiment. 
In industrial validation, a robust outcome from the quantitative comparison is mandatory and 
should be based on an objective validation metric [12], meaning that different engineers can obtain the 
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same value of the metric from the same sets of data and validation requirements. A literature review 
has revealed a lack of validation metrics that could be applied to full-field data, as opposed to 
time-series data from a single sensor or output. Hence, a new metric has been developed based on 
the concept of relative error and considering the uncertainty in the measurement data [13]. While 
this validation metric can still inform a yes/no decision, it also allows the quantification of the extent 
to which the model agrees with the experiment. 
2.3. Incorporation of Historical Data 
While a validation experiment may finally not yield a favorite decision for the use of a 
computational model, the data generated might still be useful in a different context or under more 
relaxed requirements of use. In such a case, the data or part thereof should be available for later use 
in a further validation process. It is felt appropriate, therefore, to incorporate the use of “historical 
data” into the validation flowchart to reflect the fact that the industrial validation process is very 
cost-sensitive. 
3. Proposed Validation Flowchart 
One goal of the MOTIVATE project is to provide a smarter testing methodology by integration 
of test and simulation that can be optimized by intertwining experiments and simulations to 
minimize cost and maximize confidence in predictions while ensuring a rigorous and robust 
validation. However, the validation flowchart, Figure 1, places equal emphasis on test and 
simulation, or experiment and model. Therefore, the MOTIVATE consortium has given some 
consideration to redesigning the flowchart to place more emphasis on the modelling and simulation 
while ensuring a rigorous and robust validation. The revised flowchart in Figure 2 was developed 
from a brain-storming session involving the consortium and the topic manager. 
The flowchart for the validation process is shown in Figure 2a and a key new feature is the 
evaluation of historical data. In addition, the relative positions and flow of information has been 
altered relative to the flowchart in Figure 1; in particular, the construction of the model takes priority 
and physical testing is performed only if required. The processes involved are shown as colored 
boxes in the Figure 2a and the sub-processes within them are shown in corresponding colors in 
Figure 2b. This includes the decision sequence required to evaluate historical data for use in the 
validation process and the quantitative validation process described in the CEN guideline is 
supplemented by an appropriate validation metric.  
4. Conclusions 
The work presented will allow the extension of the process described in the CEN guideline to 
include a validation metric, i.e., a measure of the extent to which the model’s predictions represent 
the real-world; and translate the validation process into the industrial environment.  
The implementation of the validation process described in the CEN guideline has been 
reviewed in the context of an industrial environment. A revised flowchart has been developed for 
the validation process with the aim of shifting the emphasis from validation experiments towards 
simulation, permitting the use of historical data in appropriate circumstances and including a new 
validation metric. This will lead to recommendations for updating the CEN guideline and will help 
in deciding whether the guideline will be transformed into a CEN standard or other CEN 
deliverable. Therefore, we encourage the community to give feedback on the CEN guideline or the 
revised flowchart, Figure 2, to the chair of the CEN Workshop 71 [14]. 
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Figure 2. The validation process in an industrial context. (a) Proposed revised flowchart for a 
validation process including the evaluation of historical data; (b) more detailed contents of 
sub-processes in the colored boxes of (a). 
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